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Abstract 
An automated procedure for optimizing interaction parameters in the extended UNIQUAC model is proposed. This 
method avoids manual manipulation and guessing of parameters. Some results of the implementation of the 
procedure for CO2 loaded piperazine, AMP and MEA are shown and demonstrate the performance of the procedure. 
In addition, some general problems associated with parameter fitting of this type of model and choice of objective 
function are discussed. Finally, if there are not enough experimental data for obtaining good predictions for all 
variables and operational ranges desired, some solutions are suggested to partially overcome this problem. 
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Nomenclature 
JL  activity coefficient 
V error value for optimization function  
ai activity  
aij binary interaction parameter between component i and j , K 
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Kr Reaction equilibrium constant 
 R universal gas constant, J/mol.K 
T temperature, K 
uTij temperature dependent part of binary interaction parameter 
u0ij temperature independent part of binary interaction parameter, K 
'U binary energy parameter in UNIQUAC model, J/mol 
XL stoichiometric coefficient 
xi mole fraction 
 
1. Introduction 
To have a reliable thermodynamic model is a key asset for doing optimization and finding the best way 
of decreasing energy demand of a CO2 capture plant. Vapor-liquid equilibria are an important part of such 
a model. There are many different thermodynamic model frameworks and each has a set of parameters 
that must be fitted to the system of interest. Finding a favorable set of parameters is always a problem and 
can be very tedious. In this paper a general procedure for optimizing the interaction parameters in the 
extended UNIQUAC framework is presented. However, the method could be used also for other 
frameworks. Results from the fitting procedure are shown for different solvents and experimental 
situations.  
2. Thermodynamic models 
In order to calculate compositions and activity coefficients in the liquid and gas phases in a reactive 
absorbent system many different models have been suggested over the years. Activity models like the 
extended UNIQUAC[1-2], e-NRTL[3-4], the Electrolyte Equations of States[5-6] and regression models 
like Kent-Eisenberg[7-9] are some different types of models. Among the different methods the extended 
UNIQUAC in selected because of its simplicity and ease of implementation, but also because of its 
capability in predicting speciation in the liquid phase, activity coefficients of all the species and thermal 
properties like Cp, Excess Enthalpy (HE), etc.. After deciding on the framework for describing the system, 
an approach should be selected to solve the system of equations. Two main approaches often employed 
are the stoichiometric approach and the non-stoichiometric approach. In the stoichiometric approach, the 
system of equations from the mass balances (water, CO2, amines), electro-neutrality and chemical 
equilibrium relations are solved. However, in the non-stoichiometric approach the problem is usually 
formulated as a minimizing Gibbs free energy, at fixed T and P, subject to material balances incorporated 
through Lagrange multipliers[3]. In this work the stoichiometric approach is employed in two steps. In the 
first step all the activity coefficient values are assumed equal to 1 (i.e. ideal case), Ji in equation(1), to get 
an initial guess. In the next step the system is solved for the non-ideal situation. The reason for this 
approach is the difficulty of solving the system of equations without a good initial guess in non-ideal 
case.  
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Normally, chemical reaction equilibrium in the liquid phase is considered temperature dependent and 
pressure independent and can be represented as shown below 
     ,, i ri r vvi i i
i i
r a xK T J     (1) 
There are different modifications of the UNIQUAC model in use. In this work the model proposed by 
Thomsen [10] is used. His way of defining the parameters makes use of a smaller number of parameters 
for systems with a high number of species, compared to the original model formulation. In this 
modification the parameters are temperature dependent and they are defined as below 
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Although defining a direct temperature dependency of ija (
0 T
ij ij ija a a T   ) results in more interaction 
parameters for small systems (smaller than 4 species), for systems with the number of species equal to or 
larger than 4, equation (3) will need less interaction parameters. This difference is illustrated in the 
following table.  
Table 1: Difference in number of Interaction parameters needed for the two different approaches (equation (3) and direct) 
Num. of 
species 
Param. # with 
original form. 
Param. # with 
eq. 3 
Num. of 
species 
Param. # with 
original form. 
Param. # with 
eq. 3 
2 4 6 5 40 30 
3 12 12 6 60 42 
4 24 20 7 84 56 
3. Objective function 
In order to tune the model, an error function, that is the objective function of the optimization 
procedure, should be minimized. Absolute deviation cannot be used, because the partial pressure of CO2 
varies over 4-6 decades. One of the most common objective functions is  
 
2
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However, for a function with only positive values (this is the case in our problem because all of the 
partial pressures and species concentrations are positive values) and with a distribution of values over 
several decades, this object function can result in an under-prediction of the desired values. To overcome 
this problem the following definition was used: 
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The differences in results for these two functions are shown in Figure 1.  
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Figure 1: Values of the objective function for an experimental value of 1 using equation (4) and(5). 
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One can see that equation (4) has the same performance against over-prediction as equation(5), but it 
cannot prevent under-prediction, because it only returns very small deviations when under-predicting. 
4. Optimization procedure 
Because the parameters are temperature dependent they have to be in a limited range to improve the 
extrapolation of the model, the desired method to use for optimization should be constrained, otherwise 
there will be a large change in the interaction parameters with small change in temperature. There are two 
solvers that should converge for each point to calculate the vapor pressures and liquid phase 
compositions. Using gradient based methods will thus often introduce problems when calculating the 
derivatives. Interaction parameters that should be optimized are spread into both the positive and negative 
side in different decades and making good initial guesses normally has to proceed in several steps and 
will be very time consuming. Taking all of these points into account, a combination of a pattern-search 
method[11-12] followed by a Nelder-Mead method that is able to both handle lower and upper bound 
conditions, was chosen. The sequence of pattern-search and Nelder-Mead methods is repeated to achieve 
a reasonable value for the objective function value.  
Pattern-search starts from an initial point and, based on a pattern, adds the value of a given mesh-size 
to the current point and evaluates the function in all of these points. The best value is selected for the next 
step. The pattern-search method needs an initial point and, as we do not know these, in the first iteration 
we set them to zero except for ions with the same charge that where very large values for the interaction 
parameters are set. Results of the first iteration are used as initial guesses for the next iteration.  
5. Parameter regression pitfalls 
A common approach for tuning the model parameters is to use all available experimental data from the 
literature. This means that scattered data need to be deleted. However, even using all of the available data 
may not be enough to tune a rigorous model. The following examples show some cases where a tuned 
model can fail in interpolation or extrapolation of results at different conditions. 
5.1. High temperature 
As shown in Equation(3), parameters have a temperature dependency, so using wrong numbers for 
these parameters can cause very wrong answers. For example a model tuned for AMP-H2O-CO2, based 
on available data, can predict the behavior up to 100°C, which is the highest available temperature in the 
literature, but seems to fail at 120°C. The failures are caused by divergence in the solver leading to non-
physical solutions. The reason for this can be the set of parameters fitted on a limited set of data, in this 
case the lack of data at 120oC.  
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Figure 2: left: model prediction in 100°C, right: model failure at 120°C 
5.2. Continuity of results 
 A tuned model can predict very well for some points, but it is not necessarily predictive for all points. 
Solving routines can diverge at some points in the middle. An example is shown in Figure 3. It is seen 
that the solution routine has diverged for some points in the figures. 
 
Figure 3: left: model prediction results with 200 points in loading, right: zoom on model prediction results with 200 points in 
loading. Experimental data from Li[8] 
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5.3. Partial Pressure of other components, except CO2 
Although the model can predict partial pressures for CO2, which are the most available data in the 
literature, the partial pressures of amine and water do also play important roles, both for environmental 
reasons and that amine volatility can affect the operating costs of the plant. The following figures show an 
example of a model that can predict PCO2 satisfactorily but not the amine volatility.   
 
Figure 4: left: Prediction PCO2 by the model, right: prediction of partial pressure of water and piperazine by the model. 
Experimental data from Kamps et al.[13] and Ermatchkov et al.[14] 
As one can see in Figure 4, no values are given for the water partial pressure. In this case the model 
totally fails in the prediction of the water partial pressure. The partial pressures of piperazine are also 
totally off. It is also possible that the model fails at higher loadings, while it has a good performance at 
lower loadings.  
6. Results and discussion 
Analyzing the mentioned examples will show that using the available data may not be enough for tuning 
of a model capable of predictions over a large range of different situations and for all interesting 
variables. In some cases, like for piperazine, other partial pressures (amine partial pressure, here PZ, and 
water partial pressure) are available so retuning the model can give acceptable results (Figure 5). 
   
 
 Kamps et al.[13] data are total pressure, so in the high pressure range and on logarithmic scale they can be a 
measure of PCO2 
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Figure 5: Results of retuned model using partial pressure data of water and piperazine from Hilliard[15] 
For some amines, like AMP, data for water vapor pressure may not be available. In such mixtures, we 
may still use our judgment about the approximate values of water partial pressure. This can be used to fill 
in some points, without experimental basis, for use in the model fitting. These types of non-experimental 
data are used for tuning of the AMP model shown in Figure 6. In this figure, the partial pressure of water 
increases at higher loadings. We do not know for certain whether this is correct or not, based on 
experimental data for other amines like Piperazine, as shown in Figure 6, we only know it should be 
around the value of 100 (water vapor pressure in that temperature).  
 
Figure 6: Results for partial pressure of water and AMP in a loaded mixture 
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Like for the piperazine mixture, a slight increase in partial pressure of water at higher loadings cannot 
be proven or disproven (Figure 5). For checking the continuity and convergence at higher temperatures, 
the results of the model are checked in a large number of points (typically 200 to 300 different points in 
loading). This will establish a higher certainty of continuity, i.e. a continuous increase of CO2 partial 
pressure with an increase in loading at fixed temperature, and of convergence, but not proving the exact 
values since no data exist.  
As the interaction parameters are temperature dependent, the model does also allow prediction of 
thermal properties. Prediction of excess enthalpy of unloaded AMP-Water solutions is shown in Figure 7. 
These data could also have been used in the parameter fitting, but was not done in this case.  
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Figure 7: Prediction of excess molar enthalpy of water-AMP solution, experimental from Maham et al.[16] 
7. Conclusion 
Recent studies show that the UNIQUAC model framework has a good potential for describing 
electrolyte systems used in CO2 capture processes. Beside its simplicity, it can predict equilibrium and 
thermal properties. The procedure presented here can help tuning a rigorous, and predictive, model such 
that it does converge to acceptable results in different situations. Also, some possible pitfalls for tuning of 
a model are shown and a method to avoid some of these problems using additional, non-experimental, 
points is suggested. 
Detailed results of models, interaction parameters, experimental data used and performance in different 
situations will be presented in future paper(s). 
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